Abstract-Vehicle emissions variations impose significant challenges to the automotive industry. In these simulation studies, nonlinear estimation techniques based on state-dependent and extended Kalman filtering are developed for spark ignition engines to enhance robustness of the feedforward fuel controllers to changes in nominal system parameters and measurement errors. A model-based approach is used to derive the optimal filters. Numerical simulations indicate the superiority of estimation-based approaches to enhance robustness of in-cylinder air estimation which directly contributes to the precision of engine exhaust air-fuel ratio and, consequently the consistency of the tailpipe emissions. The results obtained are for an aggressive driving profile and are presented and discussed.
I. INTRODUCTION
There are inherent limitations in the accuracy of sensors, actuators and various components for real-time engine control. The sources of these variations are either in the manufacturing processes or through the normal degradation over the life of components. While tighter manufacturing tolerances can reduce these variations, the actual cost may be prohibitive. An alternative approach is to design controllers with a built-in capability for more robust performance in the presence of reasonable variations in the component characteristics and the process uncertainties. At the same time, in the absence of information about the nature of variations and their characteristics for sensors and actuators, and engine processes, the design may lead to over specification and unnecessary cost escalation. One solution is to develop a mathematical model of the process, including sensors and actuators, and through simulation analysis determine the salient components contributing the most to the quantity of interest. The impact of each component variation, in isolation and in combination with other components, can be simulated numerically and evaluated. Model-based filter designs to compensate for the process and measurement errors and to obtain the best estimates for the quantities of interest will first develop. This will use nonlinear estimation techniques, such as the state-dependent Kalman filtering and extended Kalman filtering methods
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In this application, we are concerned with important engine variables such as the throttle position, the intake manifold pressure and temperature. Clearly, all these intake manifold variables contribute directly to the cylinder air charge. Due to significant time-delays between the process actuation and the measurements, that is inherent in the engine processes, a closed loop control is always too slow and as a result the control performance will suffer [1] . The remedy is to focus on the design of a responsive feedforward controller. The engine air-fuel ratio is one of the most significant variables of interest with the most impact on tailpipe emissions. We will focus our attention on the design of a robust feedforward controller for fuel control system. This requires a "predictive" control capability in the estimation of the cylinder air charge before the required amount of fuel is calculated and injected. The resulting models will be the basis for various filter designs and the subsequent analysis of the systems response to component analysis. It is clear that the systems structure imposes performance constraints due to the system model uncertainties that may be modeled using random process noise and by the sensor uncertainty that may be modeled by the noise. In practice this determines the upper bound for control system performance that will not be achieved in reality. The modelbased filtering methods are capable of both reconstructing the state of the system and filtering the noise from the measurements. The feedforward controller relies upon these measurements and any improvement in the accuracy will result in an improvement of the precision of the air-fuel ratio control. A mathematical evaluation of the resulting nonlinear dynamic system is difficult to achieve, but Monte-Carlo simulation tools may be used to assess the envelope of variations for a wide range of process variations that are due to components and measurements errors.
II. THE INTAKE MANIFOLD MODEL
The block diagram of the intake manifold and the throttle subsystem is shown in Fig. 1 . The electronic throttle is powered by an electric motor and is controlled locally by its dedicated controller. The drive-by-wire actuator with its controller may be modeled by a second order continuous time linear system [1] .
The system is described by the event-based discrete time model,
, where n N is the engine speed in revolutions per minute at the discrete event n.
The discretized electronic throttle model is described by the equation (1) to follow. A non-minimal representation of the original 2nd order system with 3 states was used due to better numerical properties for systems discretized with variable sampling rate. The process noise that introduces a stochastic system uncertainty is also included in the model. 
In equation (1) n TA denotes the measured throttle angle.
The throttle position sensor dynamics are very fast and may be neglected. T the model must be re-discretized at each discrete event.
Alternatively, if the computational burden associated with the discretization is too heavy an approximate Euler integration method may be employed or discrete time model could be stored in a lookup table.
The equations (2), (3) give the expression for nonchoked/choked flow through the throttle [2] , [3] . The throttle position is given by 
, 1
im n im n at n n a n a n im n a n P P m P P
For choked flow the model is given by the equation:
is the throttle mass flow rate, 
where: th R -radius of the throttle.
The non-linear intake manifold dynamics are discretized with the Euler method. The deterministic two state nonlinear discrete time model of the intake manifold is given by the following equations: , , 1
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where
is the volumetric efficiency [-] and N is the engine speed [rpm].
The non-linear model is parameterized in the state dependent coefficient form [4] . The parameterized discrete form of the intake manifold model is given by the following equation:
The stochastic process noise 
The port flow rate is modeled as a function of the intake gas density, engine displacement and volumetric efficiency:
The intake manifold air temperature is measured by a relatively slow sensor. The discrete-time model of this sensor is given by the equation (9).
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III. STATE DEPENDENT KALMAN FILTER
In the paper the discrete time Kalman filter for nonlinear systems is considered. The results obtained from the SDKF will be related to the standard recursive Extended Kalman Filter formulation [5] . Consider the model of the system is given by the following discrete time state-space equations:
Additionally it is assumed that
is point-wise observable [3] in the operating region In this work, a modified Kalman filter based on the statedependent representation is used. The state-dependent Kalman filter was introduced by Mracek [6] . This was an extension of the state-dependent Riccati equation control method. The discrete version of the state-dependent Kalman filter is given by the following equations:
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The state dependent model matrices are denoted as
The filter gain n K is given by the following equation:
The n P is the solution of the discrete algebraic Riccati
The solution of Riccati equation (14) minimizes the frozen system's (11) expected squared state estimation error. It should be noticed that the system matrices ( )
estimates. An estimation bias may result in model mismatch. This may cause the state estimates to diverge. The convergence analysis of the filter, for a general nonlinear system representation, is not possible. The properties of the filter must be analyzed for the particular application. The type of non-linearity is an important feature for the analysis. In practice a pseudo convergence analysis may be carried out through simulation tests.
IV. THE STOCHASTIC NOISE FILTERING SETUP
The filtering and estimation simulation experiments use the model presented in previous section. Unmodeled engine parameters logged in the US06 driving cycle dataset (i.e. the engine speed, ambient conditions, the throttle position setpoint) are used in the simulation as external parameters. The engine model and the data are of a sport vehicle with 5.7 L V8 engine driven on US06 driving cycle on a chassis roll. For the data collection purpose the engine was controlled by a non-production rapid prototyping setup.
The air-fuel ratio control system performance strongly relies on the precision of the cylinder air charge (CAC) prediction. The CAC prediction precision relies on the accuracy of the engine parameter measurements. Noise and deterministic biases deteriorate the model-based CAC prediction. The accuracy assessment is effected by comparing the simulated delayed engine CAC with the feedforward controller internal prediction [7] . Stochastic process and measurement noise is injected into the model. Since the air-fuel ratio control accuracy is proportionally influenced by the accuracy of the future CAC estimation, the CAC prediction mismatch computed as ( ) The extended and state-dependent Kalman filters (EKF and SDKF) were used for the reconstruction of the state when there are noisy measurements. The simulation involves the throttle actuator, the throttle flow and the intake manifold two-state models. The cylinder air charge (CAC) is used within the feedforward (FF) controller. The accuracy of the CAC prediction is used as a benchmark of the control performance. The FF controller inputs are either direct measurements of intake manifold pressure, indicated throttle position and intake manifold temperature or estimates of these variables obtained from the EKF or SDKF. Also, for fair comparison, a test where the intake manifold temperature is supplied by an open-loop observer is carried out. The SDKF results are compared with the direct measurements approach results. The simulation tests are carried out with the engine parameters taken from the driving cycle data shown in Fig. 2 . The controller inputs that are either estimates or direct measurements are compared with the actual intake manifold and throttle states. 
Fig. 2: Engine simulation parameters
The indicator of 'method efficiency' used in this analysis is the cylinder air charge prediction. As described, the feedforward (FF) controller used in the simulation employs a throttle actuator model for future throttle trajectory prediction. This trajectory prediction is used by FF controller to generate the cylinder air charge (CAC) prediction. The 6-event prediction is compared with the actual cylinder air charge being an internal variable of the simulated intake manifold. The accuracy of the CAC prediction over the simulation time of 80 seconds is evaluated based on the integrated absolute and squared error value. The results of the simulations are presented and analyzed below. The error signal measures are presented in Table 1 The results indicate that the extended Kalman filter provides the best accuracy. The state-dependent Kalman filter, however, gives very similar results. Note that the Kalman gains used for the SDKF result from the solution of the algebraic Riccati equation. This provides suboptimal steady state solution. However, it is easier to simplify such filter for an implementation purpose by means of lookup tables. Results obtained using the estimation methods when compared to direct measurement methods indicate that improved cylinder air charge prediction is achievable. This improved CAC prediction, of course, directly results in significantly improved air-fuel ratio control precision.
V. THE PARAMETER VARIATION FILTERING SETUP
The results presented in the previous section indicate improved cylinder air charge (CAC) prediction accuracy when either extended or state-dependent Kalman filters (EKF, SDKF) are used. The derivation of the EKF (or SDKF) is based on the assumption that the process and measurement noise signals are stochastic. This method of modeling -especially for the model mismatch represented by the process noise is not always accurate. In this section a deterministic parameter variation is introduced in the intake manifold and throttle model. Additionally, sensor gain errors are introduced for throttle position, intake manifold pressure and temperature measurements. The system diagram including an indication of the point of introduction of the parameter variation/uncertainty is shown in Fig. 3 .
Fig. 3: Engine simulation block -parameter variation
A Monte-Carlo parameter variation analysis was conducted next. The parameters that were determined to be subject to variation are displayed in Table 2 . A truncated Gaussian probability distribution is assumed within the parameter variation limits.
The results of the simulations are presented and analyzed now. The analysis of results reveals that the SDKF and EKF filters improve the robustness of the cylinder air charge estimation to the combination of modeling and measurement errors proposed in Table 2 .
Better performance is indicated in any given histogram (  Fig. 4, Fig. 5 (5), (6) [ ] (5), (6) [ ] (5), (6) [ ] The results are gathered in The simulation analysis of the accuracy of the cylinder air charge prediction carried out in this section indicated a significant improvement in the accuracy of the CAC. Robustness was assessed using two different approaches. The simulation analysis presented involved feeding the process and measurement stochastic noise into the simulated intake manifold model, to provide a more realistic robustness test environment, the system parameter variations were introduced. During the stochastic simulation test the extended Kalman filter (EKF) brought the best performance. The state-dependent Kalman filter (SDKF) was only slightly worse in terms of integrated squared and absolute prediction errors. In the robustness test (Monte-Carlo) the SDKF provided slightly better performance over the EKF. One important advantage of the SDKF should not be overlooked. The state-dependent form of the model is simpler than the linearized form. This fact may be important during on-line implementation of the filter. Also, note that the SDKF filter derivation was based on the algebraic Riccati equation. Such a methodology suggests sub-optimality of the solution. This explains a slightly better performance of the EKF observed in Table 1 . The EKF presented in this paper is based on the recursive formulation which, even if system model matrices were precomputed and stored in a memory, requires a modest computing power for on-line operation. The SDKF may easily be simplified by a static lookup-table(s) with a number of underlying scheduling parameters that are the states of the system. The state-dependent nature implies that filter gain also depends upon the state and this may be approximated directly by the lookup table.
CONCLUSIONS
It has been demonstrated that significant improvements in the robustness of the fuel control system to parameter changes and measurement uncertainties can be provided using model-based filtering techniques. The state dependent Kalman filter is used for the estimation of the intake manifold pressure, temperature and the electronic throttle position. The algorithms that rely on noisy sensor measurements suffer from the uncertainty and consequently lead to inferior results. The state dependent Kalman filter combines a knowledge of the model with the measurements leading to improved estimates in uncertain environments. These estimates employed by the controller improve the overall performance of the control system. As a result, the filtering methods provide a significant improvement in the feedforward air fuel ratio controller as well. Based on the results of a comprehensive stochastic and deterministic variation analysis, an improved performance similar to the simulation results presented in this paper, are expected from the vehicle experiments. However, level of the improvement will depend on the accuracy of models used for the simulation studies.
